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Abstract 
Separation of single gene and polygenic effects would be useful in crop improvement. In this 
study, additive-dominance model with a single qualitative gene based on diallel crosses of 
parents and progeny F; s (or F2 s) was examined. The mixed linear model approach, minimum 
norm quadratic unbiased estimation (MINQUE), was used to estimate the variance and 
covariance components and single gene effects. Monte Carlo simulation was used to evaluate the 
efficiency of each parameter estimated from the MINQUE approach for this genetic model. The 
results of 200 simulations indicated that estimates of variance components and single gene 
effects were unbiased when setting different single gene effects for parents and F; s (or F2 s). 
Results also indicated that estimates of variances and single gene effects were very similar for 
both genetic populations. Therefore, single gene effects could be effectively separated and 
estimated by this approach. This research should aid the extension of this model to cases that 
involve multiple linked or unlinked genes (or genetic markers) and other complex ploygenic 
models. For illustration, a real data set comprised of eight parents of upland cotton (Gossypium 
hirsutum L.) with normal leaf and one parent with okra leaf, and their 44 F2 s were used to 
estimate the variance components and the genetic effects of the okra leaf gene on fiber traits. 
Keywords: mixed linear model, qualitative gene effects, polygenic effects, Monte Carlo 
simulation, variance components 
1. Introduction 
Quantitative traits like plant height and product yield are expressed continuously and 
controlled by polygenic effects. However, qualitative genes that determine seed coat color, leaf 
shape, and other qualitative traits may also affect the genetic expression of quantitative traits 
(Sax, 1923; McMillan and Robertson, 1974; Wexelsen, 1932). Therefore, separation of 
qualitative gene effects and polygenic effects would be useful in crop improvement. The 
relationship between quantitative trait loci (QTLs) and qualitative genes (or markers) can be 
evaluated using statistical methods (Weller, 1986; Paterson et aI., 1988; Lander and Botstein, 
1989; Zeng, 1994; Zhu, 1998) if markers and linkage maps are available for a large mapping 
population. It would be difficult, however, to detect effects on quantitative characters using 
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QTL-mapping approaches if there were only a few qualitative genes or morphological markers 
or if linkage maps are unavailable. 
Methods for specific genes that affect quantitative traits were reviewed by Thompson and 
Thoday (1979). Theoretical aspects of these methods have been discussed previously (Elston and 
Steward, 1973; Hill, 1975; Jayakar, 1970; Soller et aI., 1976 and 1979). Several studies have 
reported on the use of these methodes in agricultural species (Tanksley et aI., 1982; Zhuchenko 
et aI., 1979). Tan and D'Angelo (1979), Elston and Stewart (1973), Elston (1984), Tan and 
Chang (1972), Jiang et aI. (1994) proposed several genetic models involving polygenes and 
orland major genes with mixture models. However, all of these genetic models and 
corresponding methods of analysis utilize only two inbred lines and their progenies. The 
limitations of these methods are: 1) the inability to analyze combined data of multiple inbred 
lines and their progenies, and 2) difficulty of including GX E interaction models. Gilbert (1985a) 
extended Hayman's (1954) model and was able to analyze single gene effects and polygenic 
effects simultaneously. He also compared the statistical properties of five experimental methods, 
of which, the diallel method provided the most information on genetic components of variation 
(Gilbert, 1985b). This method was easily analyzed by the Analysis of Variance (AN OVA) 
methodology approaches; however, it utilized inbred lines and their F I single crosses. This 
method is not easily extended to other generations such as F2 and BC. 
With the development of mixed linear model approaches, many genetic models and flexible 
statistical methods have been proposed for analyzing quantitative traits. Examples include 
additive-dominance (AD) models, additive-dominance maternal (ADM) models, additive-
dominance additive X additive epistasis (ADAA) models and other genetic models based on 
balanced or unbalanced diallel crosses for different generations (Cockerham, 1980; Zhu, 1994). 
Utilizing a mixed linear model approach, we extended the additive-dominance genetic model for 
diallel crosses of parents and Fls (or F2s) with one qualitative gene (or marker) with two alleles. 
Monte Carlo simulation was used to evaluate the power and unbiasedness of estimated variance 
components and single gene effects from MINQUE approach. An example illustrates the 
estimation of the variance components and the genetic effects of the okra leaf gene on several 
fiber traits. 
2. Genetic Models and Methodology 
It was assumed that the qualitative gene was single and co-dominant (or dominant) with 
normal segregation in segregating generations from diploid inbred lines, total genetic effect 
includes qualitative gene additive (T) and dominant effects (S), polygene additive (A) and 
dominance (D) (Gilbert, 1985a) effects without GX E interaction, and that single gene effects 
were independent of polygenic effects. 
For a diallel mating design (Griffing, 1956; Hallauer and Miranda, 1981), the mean 
performance of an F; from parents i and j in block k can be expressed by the following 
linear models: 
YllijkUi) = Jl + ~ + Ai + Aj + Dij + Bk + eUijk (1) if alleles t and t' are same, and 
YU'ijkUi) = Jl + SII' + Ai + Aj + Dij + Bk + ell'Uk (2)if alleles t and t' are different. 
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The selfed progeny of F; (i.e.) can be expressed as the following models: 
YII'ljkUil = Jl + 1; + Ai + Aj + t Dii +tD.iJ ++ Dij + Bk + el'lijk (3) if alleles f and f' are same, 
and YII'ijk(l<il = Jl + +SII' + Ai + Aj + t Dii + t D jj + + Dij + Bk + el'lijk (4) if alleles f and t' are 
different. 
The performance of parent can be expressed by the linear model, 
YIINk = Jl + 1; + 2Ai + Du + Bk + elliik (5) 
where, Jl is the population mean, fixed effect; 
1; is the additive effect for allele t of the single qualitative gene, fixed effect, I~=l 1; = 0 ; 
SII' is the heterozygous single qualitative gene dominance effect for alleles ( and (', fixed 
effect, assuming homozygous dominance effect SII =0; 
Ai (or A) is additive effect from parent i (or j), Ai or Ai ~ N(O, u~); 
D ii , D jj , or Dij is the dominance effect of alleles from parents i andj parents, Dii' D JJ , or 
Dij ~ N(O,u;); 
Bk is the block effect with Bk ~ N(O,u~); 
ell'lik is the random error with ell'ijk ~ N(O,u;). 
These mixed linear models can be expressed in matrix notation form as follows, 
y =1Jl+Xr b l' +XSbS+UAe A + Uf)ef) + Uses +ee 
3 4 
= IXibi + IUueu (6) 
=Xb+Ue 
where, y is the vector of observed values, 1 is a vector in which each element is one, Xl' and 
Xs are known information matrices for fixed effect vectors of additive (b r ) and heterozygous 
dominance (b s) effects of single qualitative gene, U A and U f) are the known information 
matrices for random effect vectors of additive (e A) and dominance (e f)) effects of polygenetic 
genes, U H is the known information matrix for random effect vectors of block ( e H)' 
The total phenotype variance VI' for each trait can be partitioned as the follows: 
VI' = VA + VI) + Ve 
where, VA' V/), and Ve are the variance components of additive, dominance, and random error, 
respectively. The minimum generations of this model required are parents and F; s (or parents 
and F2 s). 
Traditional ANOVA approaches could be used to estimate the variance components and 
qualitative gene effects for balanced data of diallel crosses of parents and F; s (Gilbert, 1985a); 
however, ANOVA approaches can not be used for genetic populations where one or more 
crosses are missing or for populations containing F2 progenies because coefficients for 
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dominance effects for both single gene and polygenic genes are non-integer for the F2 
generation. Maximum Likelihood (ML) could be used to estimate the variance components and 
fixed effects (Hartley and Rao 1967) for unbalanced data cases; however, this method is 
iterative and the estimates are influenced by the fixed effect b. Consequently, estimates of 
variance components may be biased. Restricted Maximum Likelihood (REML) (Patterson and 
Thompson, 1971) approaches could also be used to estimate the variance components and single 
gene effects, but this method is also iterative and time-consuming. In this study, the MINQUE 
approach was used to estimate variance components (Rao, 1971; Zhu, 1989). The fixed effects 
are estimated by generalized least square estimation method (Neter, et aI., 1985), 
b = (XTV-IXr l XTV-Iy (7), 
where, X is the known information matrix of unknown fixed effect vector b , 
V = L~;I o-;U u U~' + 0-;1 with inverse matrix V-I, y is the vector of observed value. Adjusted 
unbiased prediction (AUP) (Zhu, 1993) or linear unbiased prediction (LUP) (Zhu and Weir, 
1994) approach could be used to predict the random effects. Since the power of the z-test for 
significance of variance components was very low, the jackknifing resampling approach by 
removing one block at a time was used to estimate the each parameter and its standard error. 
The t test was next used to test the significance of each parameter (Miller, 1974; Zhu, 1993). 
3. Monte Carlo Simulation 
In these simulations, we set six parents with positive qualitative gene additive effects (S=O, 
10, and 20) and two parents with negative qualitative gene additive effects, the qualitative gene 
heterozygous dominance effects (T=O, 10, and 20). Variance components were set to 0-3 =50, 
o-~ =20, and 0-; = 5. Next, a total of 200 simulations were conducted for each of the nine 
combinations of additive and dominance effects for both (P+ F..) and (P+ F2 ) populations to 
estimate the variance components and qualitative gene effects. The simulation results for 
variance components are summarized in Tables 1 and 2. 
The estimate and the power for each variance component were similar for populations of 
either parents and F.. s or parents and F2 s. Estimates of the variance components did not depend 
on the size of the qualitative gene effects. Therefore, if all qualitative gene effects are equal to 
zero, then this model can be reduced to the traditional additive-dominance (AD) model. Results 
in Tables 3 and 4 indicated that estimates of qualitative gene effects were unbiased for both 
types of populations. 
4. Worked Example 
For an illustration, an actual data set involving 10 parents of upland cotton with normal leaf 
and one parent with okra leaf, and their 44 F2 progenies were used to estimate the variance 
components and the genetic effects of the okra leaf gene on three fiber traits (micronaire, fiber 
elongation and fiber strength). Chi-square goodness-of-fit analysis indicated that okra leaf trait 
was controlled by a single and co-dominant gene (Table 6). The okra leaf gene had significant 
positive additive effect on fiber strength and negative additive effect on micronaire, but no 
significant additive effect on fiber elongation. No significant heterozygous dominant effects were 
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detected for any of the three fiber traits (Table 7). The results indicated that the okra leaf gene is 
probably linked with the genes controlling the genetic expression of high fiber strength and fiber 
fineness (micronaire). This suggests that upland cotton breeding programs to develop high 
strength cultivars should utilize backcrossing schedule and/or indirect okra leaf shape selection. 
5. Discussion 
A morphological marker gene may control both the expression of the specific qualitative 
marker trait, as well as other quantitative traits. However, the traditional additive-dominance 
genetic models cannot separate the genetic influence of the marker from additive and dominance 
effects. This research extends the traditional additive-dominance model to include both single-
gene and polygenic effects, using mixed linear model approaches, when a single marker with 
known contrasting gene types for parents and their F; or F2 progenies with either balanced or 
unbalanced set of crosses. Estimates of fixed effects and variance components were unbiased as 
shown by Monte Carlo simulations for different generations. If there is no qualitative gene effect, 
the new model can be reduced to the traditional additive-dominance genetic model. Compared 
with Gilbert's (1985a) method, our methods are more flexible. The benefits of this model and 
statistical method of analysis include: 1) this method can contain either F; or F2 progenies; and 
(2) the model is extendable to other complicated genetic models. With increased detection and 
use of molecular markers, this method provides the opportunity to include cases with multiple 
linked or unlinked qualitative genes (or markers). If more generations are included, the model 
can also be extended to other more complex polygenic models (Cockerham, 1980, Zhu, 1994). A 
free copy of this software written in C++ could be obtained at our USDA-ARS research lab, 
Genetic and Precision Agriculture Research Unit Box 5367, Mississippi State, MS 39762. 
In the example data set, we found that leaf shapes (i.e., normal and okra) of upland cotton 
were controlled by a single gene. The upland cotton leaf shapes will influence leaf area and 
photosynthesis efficiency which may then influence cotton yield or/and fiber quality. Results 
indicated that the okra leaf gene would improve 6% of fiber strength (Tl) and reduce 5% of fiber 
thickness (micronaire). Combining the okra leaf gene effects with polygenic additive effects for 
fiber quality should aid the breeding programs in the development of high fiber quality upland 
cotton cultivars. 
6. Summary 
The simulation results indicated that, 1. the estimation for variance components was same 
when different single gene effects existed, 2. estimation of variance components was very 
seminar for both parents P and F2, and parents and F 1 when different single gene effects existed, 
and 3. both populations can get unbiased estimation for different single gene effects. Therefore, 
the above results indicted that this model can be used to separate the related single gene effects 
from the polygenic effects by MINQUE approaches could be effectively used to estimate the 
polygenic variances and single gene effects unbiasedly in the genetic model. The real data 
analysis revealed that both okra leaf gene has significant positive additive effect on fiber strength 
and negative additive effects on micronaire, but no significant additive effect on fiber elongation. 




244 Kansas State University 
The results would be helpful for researchers to improve fiber strength efficiently in upland cotton 
breeding programs. 
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Table 1. Estimation of each variance component and testing power based on parents and F... 
s=o S=10 S=20 
Parameter Est. Power • Est. Power Est. Power 
(J'2 
=50 
A T=O 53.02 1.00 53.02 1.00 53.02 1.00 
(J'; 
=20 
19.57 1.00 19.57 1.00 19.57 1.00 
(J'2 =5 
e 5.09 0.98 5.09 0.98 5.09 0.98 
(J'2 
=50 
A 53.01 1.00 53.01 1.00 53.02 1.00 
(J'; 
=20 T=10 
19.57 1.00 19.57 1.00 19.57 1.00 
2 (J'e =5 5.09 0.98 5.09 0.98 5.09 0.98 
(J'2 
=50 
A 53.01 1.00 53.02 1.00 53.02 1.00 
2 (J'J) =20 T=20 19.57 1.00 19.57 1.00 19.57 1.00 
2 (J'e =5 5.09 0.98 5.09 0.98 5.09 0.98 
T and S are the additive and dominance effect, respectively 
*: Significant at 5% level or less 
Table 2. Estimation of each variance component and testing power based on parents and F2 . 
s=o S=10 S=20 
Parameters Est. Power Est. Power Est. Power 
(J'2 
=50 
A T=O 53.18 1.00 53.18 1.00 53.18 1.00 
(J'; 
=20 
19.56 0.79 19.56 0.79 19.56 0.79 
2 (J'e =5 5.09 0.98 5.09 0.98 5.09 0.98 
(J'2 
=50 
A 53.18 1.00 53.18 1.00 53.18 1.00 
2 (J'J) =20 T=10 19.56 0.79 19.56 0.79 19.56 0.79 
2 (J'e =5 5.09 0.98 5.09 0.98 5.09 0.98 
(J'2 
=50 
A 53.18 1.00 53.18 1.00 53.18 1.00 
2 (J'f) =20 T=20 19.56 0.79 19.56 0.79 19.56 0.79 
2 (J'e=5 5.09 0.98 5.09 0.98 5.09 0.98 
T and S are the additive and dominance effect, respectively 
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Table 3. Estimation of major gene effects component and testing power based on parents and 
F;. 
s=o S=lO S=20 
Est. Power Est. Power Est. Power 
T T=O 0.03 0.03 0.03 
S 0.01 10.01 1.00 20.01 1.00 
T T=lO 10.03 0.98 10.03 0.98 10.03 0.98 
S 0.01 10.01 1.00 20.01 1.00 
T T=20 20.03 1.00 20.03 1.00 20.03 1.00 
S 0.01 10.01 1.00 20.01 1.00 
T and S are the additive and dominance effect, respectively 
Table 4. Estimation of major gene effects and testing power based on parents and F2 • 
s=o S=10 S=20 
Parameters Est. Power Est. Power Est. Power 
T T=O 0.04 0.04 0.04 
S -0.04 9.96 1.00 19.96 1.00 
T T=10 10.04 0.97 10.04 0.97 10.04 0.97 
S -0.04 9.96 1.00 19.96 1.00 
T T=20 20.04 1.00 20.04 1.00 20.04 1.00 
S -0.04 9.96 1.00 19.96 1.00 
T and S are the additive and dominance effect, respectively 
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Table 5. Format for real data set involving 9 parents and 44 F2 hybrids 
Femal Male 
Enva eb b Tl c T2d Gene REPf Micg Elongg Tl g 
1 1 1 1 1 0 1 5 8.75 19.15 
1 2 1 1 2 1 4.6 7.75 19.55 
1 3 1 2 2 4.l 7 2l.2 
1 2 3 1 2 2 4.6 7.25 20.85 
1 2 4 1 1 2 1 4.8 6.75 21.25 
1 2 8 1 1 2 1 4.8 6.75 22.8 
2 9 1 1 2 1 4.5 6.5 22.7 
1 3 3 2 2 0 4.2 7.25 23.45 
1 3 8 2 1 2 4.4 6.5 22.3 
1 3 9 2 1 2 4.3 6.75 24.55 
1 4 3 2 2 1 4.7 6.25 22.95 
9 8 1 1 2 4.4 5.75 25.1 
1 9 9 1 1 0 4.5 6.5 23.6 
1 1 1 0 4 5 7.25 18.8 
1 1 2 1 1 2 4 4.5 7 19.85 
1 1 3 2 2 4 4.3 7.5 22.65 
1 1 4 1 2 4 4.8 6.75 20.95 
1 9 9 1 1 0 4 4.6 7 24.5 
Note: a =environmental code; b=parental code; c=qualitative gene code for female parent (l 
for normal leaf and 2 for okra leaf); d= qualitative gene code for male parent (1 for normal 
leaf and 2 for okra leaf); e=generation code (0 for parent, 1 for F; , and 2 for }~ ); 
f=replication code; g=trait 
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Table 6. Chi-square values and probability values for eight crosses of upland cotton 
Crosses X2 value P value 
DP50 X FM832a 0.348 0.596 
PM1560 X FM832 0.192 0.464 
FM975 X FM832 0.187 0.459 
FM832 X T239 0.208 0.481 
ST474 X FM832 0.251 0.521 
DP90 X FM832 0.288 0.552 
SG501 X FM832 0.255 0.525 
FM832 X T1388 0.484 0.675 
Note: a = parent with okra leaf gene 
Table 7. Estimates of okra leaf gene effects for three fiber properties 
Traits Additive Dominance Population mean 
Micronaire (MIC) -0.238* -0.025 4.70 
Elongation (EL) (%) -0.114 -0.234 6.92 
Strength (T1) (g/tex) 1.349* 0.044 22.97 
* significance at probability 0.05. 
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